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Abstract
IMPORTANCE A high proportion of suspicious pigmented skin lesions referred for investigation are
benign. Techniques to improve the accuracy of melanoma diagnoses throughout the patient
pathway are needed to reduce the pressure on secondary care and pathology services.
OBJECTIVE To determine the accuracy of an artificial intelligence algorithm in identifyingmelanoma
in dermoscopic images of lesions taken with smartphone and digital single-lens reflex
(DSLR) cameras.
DESIGN, SETTING, ANDPARTICIPANTS This prospective, multicenter, single-arm, masked
diagnostic trial took place in dermatology and plastic surgery clinics in 7 UK hospitals. Dermoscopic
images of suspicious and control skin lesions from 514 patients with at least 1 suspicious pigmented
skin lesion scheduled for biopsy were captured on 3 different cameras. Data were collected from
January 2017 to July 2018. Clinicians and the Deep Ensemble for Recognition of Malignancy, a
deterministic artificial intelligence algorithm trained to identify melanoma in dermoscopic images of
pigmented skin lesions using deep learning techniques, assessed the likelihood ofmelanoma. Initial
data analysis was conducted in September 2018; further analysis was conducted from February 2019
to August 2019.
INTERVENTIONS Clinician and algorithmic assessment of melanoma.
MAINOUTCOMESANDMEASURES Area under the receiver operating characteristic curve
(AUROC), sensitivity, and specificity of the algorithmic and specialist assessment, determined using
histopathology diagnosis as the criterion standard.
RESULTS The study population of 514 patients included 279women (55.7%) and 484white patients
(96.8%), with a mean (SD) age of 52.1 (18.6) years. A total of 1550 images of skin lesions were
included in the analysis (551 [35.6%] biopsied lesions; 999 [64.4%] control lesions); 286 images
(18.6%) were used to train the algorithm, and a further 849 (54.8%) images were missing or
unsuitable for analysis. Of the biopsied lesions that were assessed by the algorithm and specialists,
125 (22.7%) were diagnosed as melanoma. Of these, 77 (16.7%) were used for the primary analysis.
The algorithm achieved an AUROC of 90.1% (95% CI, 86.3%-94.0%) for biopsied lesions and 95.8%
(95% CI, 94.1%-97.6%) for all lesions using iPhone 6s images; an AUROC of 85.8% (95% CI, 81.0%-
90.7%) for biopsied lesions and 93.8% (95%CI, 91.4%-96.2%) for all lesions using Galaxy S6 images;
and an AUROC of 86.9% (95% CI, 80.8%-93.0%) for biopsied lesions and 91.8% (95% CI,
87.5%-96.1%) for all lesions using DSLR camera images. At 100% sensitivity, the algorithm achieved
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Key Points
Question How accurate is an artificial
intelligence–basedmelanoma detection
algorithm,which analyzes dermoscopic
images taken by smartphone and digital
single-lens reflex cameras, compared
with clinical assessment and
histopathological diagnosis?
Findings In this diagnostic study, 1550
images of suspicious and benign skin
lesions were analyzed by an artificial
intelligence algorithm.When compared
with histopathological diagnosis, the
algorithm achieved an area under the
receiver operator characteristic curve of
95.8%. At 100% sensitivity, the
algorithm achieved a specificity of
64.8%, while clinicians achieved a
specificity of 69.9%.
Meaning As the burden of skin cancer
increases, artificial intelligence
technology could play a role in
identifying lesions with a high likelihood
of melanoma.
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Abstract (continued)
a specificity of 64.8%with iPhone 6s images. Specialists achieved an AUROC of 77.8% (95% CI,
72.5%-81.9%) and a specificity of 69.9%.
CONCLUSIONS ANDRELEVANCE In this study, the algorithm demonstrated an ability to identify
melanoma from dermoscopic images of selected lesions with an accuracy similar to that of
specialists.
JAMA Network Open. 2019;2(10):e1913436.
Corrected on November 6, 2019. doi:10.1001/jamanetworkopen.2019.13436
Introduction
When compared with other forms of skin cancer, malignant melanoma is relatively uncommon;
however, the incidence of melanoma is increasing faster than any other form of cancer, and it is
responsible for themajority of skin cancer deaths.1 Patients in whommelanoma is diagnosed at stage
I havemore than a 95% 5-year relative survival rate compared with 8% to 25%when the disease is
diagnosed at stage IV.1,2
A person with a suspicious pigmented skin lesion will go through several steps before a
definitive diagnosis ofmelanoma: self-evaluation, evaluation by a primary care physician, assessment
by a specialist, and excision and assessment by histopathology. Current practice guidelines
recommend appropriately trained health care professionals assess all suspicious skin lesions using
dermoscopy.3 Techniques to improve diagnostic accuracy can be used at each step to improve
differentiation between harmless and potentially harmful lesions, thus reducing the pressure on later
services from lesions that were unnecessarily referred further.4-6 The Cochrane Skin Cancer
Diagnostic Test Accuracy Group recently published a comprehensive series of reviews on the
accuracy of different diagnostic techniques, including visual assessment with or without
dermoscopy,7 reflectance confocal microscopy,8 teledermatology,9 computer-aided diagnostic
techniques,10 and smartphone applications.11 Dermoscopywas found to improve diagnostic accuracy
over visual inspection alone, and reflectance confocal microscopy wasmore accurate than
dermoscopy alone, but the data supporting the widespread adoption of teledermatology, computer-
assisted diagnostic techniques, or smartphone applications are limited and/or of poor quality. Clinical
diagnostic accuracy also depends on the experience of the examiners,12 and the equipment required
for reflectance confocal microscopy is expensive.
A large number of smartphone applications for melanoma detection have been released,
although there is little evidence of clinical validation.11,13 Of 39 skin cancer applications assessed, 19
involved smartphone photography and 4 provided an estimate of the probability of malignancy, but
none were assessed for diagnostic accuracy.14 Poorly designed, inaccurate, and/or misleading
consumer applications may cause harm to patients.15-18
However, with appropriate development and suitable evaluation, modern electronic
technology could improve diagnostic accuracy. Indeed, artificial intelligence (AI) algorithms
categorizing photographs of lesions have recently been shown to be capable of classifyingmelanoma
with a level of competence comparable with dermatologists.19,20 Deep Ensemble for Recognition of
Malignancy, developed by Skin Analytics Limited, is an AI algorithm that is designed to be used as a
decision support tool for health care professionals by determining the likelihood of skin cancer from
dermoscopic images of pigmented skin lesions. It was developed using deep learning techniques
that identify and assess features of lesions that are associated with melanoma, using more than
7000 archived dermoscopic images, and it has been shown to identify melanomawith accuracy
similar to that of specialist physicians.21
The aim of this study was to evaluate the ability of the Deep Ensemble for Recognition of
Malignancy algorithm to detectmelanoma from images of both biopsied and nonbiopsied pigmented
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skin lesions, prospectively captured in dermatology and plastic surgery clinics, and to compare this
with clinical diagnoses made by specialists.
Methods
We conducted a prospective, multicenter, single-arm, masked diagnostic trial. Ethical approval for
the studywas granted by the Leicester South National Research Ethics Service committee. This study
followed the Standards for Reporting of Diagnostic Accuracy (STARD) reporting guideline.
Patients attending dermatology or plastic surgery clinics (on 2-week wait and general referral
pathways) with at least 1 skin lesion referred for histological evaluation were eligible for the study. A
total of 514 patients provided written informed consent for the study, which was conducted between
January 2017 and July 2018. Recruitment was on a consecutive, competitive recruitment basis in 7
participating hospitals, resulting in 551 suspicious lesions scheduled for biopsy and 999 control
lesions. Overall, 13 patients were ineligible or withdrawn, primarily because no skin lesion was
biopsied (eFigure 1 in the Supplement). One lesion was not biopsied because of specialist decision.
Race was defined by the participant.
Lesions not previously biopsied or excised and 2 control lesions (ie, lesions believed to be
benign) were selected if they were less than 15 mm in diameter and not located in an anatomical site
unsuitable for photographing or in an area of visible scarring. These were photographed by 3
different cameras: iPhone 6s (Apple, Inc), Galaxy S6 (Samsung), and digital single-lens reflex (DSLR)
camera D5500 (Nikon). Operating systemswere kept up to date during the study. The dermoscopic
lens attachments were DermLite DL1 for the iPhone 6s and Galaxy S6 andDermLite Foto II Pro for the
DSLR (DermLite). Clinicians assessed the lesions for likelihood of melanoma on an ordinal scale
(range, 1-4; 1 indicates unlikely and 4, highly likely).
Histopathology results were collected on biopsied excised lesions and categorized as
melanoma, dysplastic nevi, or other. Melanoma in situ was classified as melanoma. When there was
histopathological uncertainty in the diagnosis, the most likely diagnosis was reported. Clinicians and
patients were not informed of the outcome of the algorithmic assessment, and patients were
managed in accordance with the usual standard of care. Images were stored electronically until
completion of recruitment.
Prior to the study, the algorithm had been trainedwith published dermoscopic images. A subset
of 289 images from this study were extracted from the data set and used to further train the
algorithm (36 [12.5%] randomly selected confirmedmelanoma lesions; 67 [23.2%] randomly
selected nonmelanoma lesions; and 186 [64.4%] control lesions). No single patient had lesions that
appeared in both the training and test split to ensure that overfitting did not occur. Images from each
camera were used to train a version of the algorithm, which was then used to assess the remaining
images from that camera type. Images were screened for quality, and images that were blurred or
otherwise flawed were removed from the data set. The remaining 1550 images were assessed by the
algorithm between September 2018 and February 2019.
The diagnostic performance of the algorithmwas reassessed in August 2019 to optimize the
algorithm to better generalize for different cameras. To ensure that any difference in performance
was owing to algorithmic improvements rather than the quantity of data, the image data set was
limited to only those lesions for which images came from all 3 cameras. In total, images of 731 lesions
were used, including 260 (35.6%) biopsied lesions, of which 51 (7.0%)were diagnosed asmelanoma.
In addition, healthy skin images were included in the training set, but low-quality images remained
excluded. This data set was combined with a historical data set21 and shuffled. The algorithm was
retrained and validated using 10-fold cross-validation. Lesions from each patient were kept together
in the same fold to avoid overfitting to a single patient. The model was trained on images taken by
the DSLR and Galaxy S6, then tested using images taken by the iPhone 6s as the naive device as well
as images taken by the DSLR and Galaxy S6 cameras.
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The algorithm generated a numerical response to an image, from 0 to 1, which reflects its
confidence that the lesion is melanoma (0 indicates certainly benign and 1, certainly malignant
melanoma). A decision threshold defined the point above which a lesion is classed as melanoma.
Statistical Analysis
Receiver operator curves using a nonparametric method with bootstrapped estimation of
uncertainty22 were used to examine the association of the algorithm’s confidence scale with the
criterion-standard, histopathology-confirmed diagnosis for each camera and for the clinical
assessment. The assessment of the clinical accuracy of likelihood of melanomawas estimated on all
biopsied lesions (including the lesions whose images were missing and those used for training the
algorithm). In the direct comparison, only those lesions with images from every camera were
included in the analysis. Area under the receiver operating characteristic curve (AUROC) and other
diagnostic accuracy indices (specificity, predictive values, false-positive rates, and false-negative
rates) at the decision thresholds that generated a sensitivity of 100% and 95%were compared with
the clinical assessment of the likelihood of melanoma. The 100% sensitivity threshold was used
because all lesions referred for biopsy were assessed by histopathology. A χ2 test of the equality of
the AUROC between assessments was conducted.
We examined the extent of influence of covariates on the accuracy of eachmethod of
melanoma detection. The following patient-related covariates were examined: patients’ level of
concern, age, sex, race (ie, white vs nonwhite), Fitzpatrick skin type, hair color (ie, blond or red vs
not), patient or family history of melanoma and other skin cancer, and lesion-specific body location.
The potential consequences of missing values (frommissing or poor-quality images) were
assessed using the Little missing completely at random test.23 We corrected receiver operating
characteristic curve estimates using the selectionmodel, as developed by Cook and Rajbhandari.24 A
P value of less than .05was regarded as statistically significant, and all tests were 2-tailed. Statistical
estimates of accuracy are reported with 95% CIs. Statistical analysis was conducted using Stata
statistical software version 15 (StataCorp).
Results
The study population of 514 patients included 279women (55.7%) and 484white patients (96.8%),
with a mean (SD) age of 52.1 (18.6) years (Table 1). Most participants had Fitzpatrick skin sensitivity
categories I to III (417 [81.1%]) and had no family or personal history of any form of skin cancer
(352 [71.3%]).
A total of 1550 images of skin lesionswere included in the analysis (551 [35.6%] biopsied lesions;
999 [64.4%] control lesions). Of the 551 lesions biopsied, 125 (22.7%) were identified as melanoma
by histopathology, 148 (26.8%) were dysplastic nevi, and 278 (50.5%) received other diagnoses
(eTable in the Supplement). To understand the types of lesions categorized other, a poststudy audit
of 119 biopsied lesions from 1 hospital found that, of 40 lesions categorized as other, 3 (7.5%) were
diagnosed as basal cell carcinoma and the rest were benign. The most frequent melanoma subtypes
were superficial spreading (67 [53.6%]) andmelanoma in situ or lentigomaligna (39 [31.2%]). A total
of 32 melanoma cases (25.6%) had a Breslow thickness greater than 1.0 mm. Of the 50 biopsied
lesions clinicians identified as highly likely to bemelanoma, 36 (72.0%)were histologically confirmed
asmelanoma and 6 (12.0%) were diagnosed as dysplastic nevi. Of the 124 biopsied lesions clinicians
identified as unlikely to bemelanoma, 9 (7.3%) were diagnosed as melanoma and 35 (28.2%) were
dysplastic nevi (Table 2). Table 2 shows the similarity between the algorithmic and clinical
assessment at approximately similar levels of sensitivity and specificity. No adverse events were
recorded in the study.
The algorithm training data set included 858 images of 286 lesions from 92 patients. A further
627 imagesweremissing owing to technical issueswith the camera equipment, data extraction, or an
inability to link images to clinical information, and 222 images failed an image quality check (eFigure 1
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in the Supplement). Of the remaining lesions used for the analysis, 77 (16.7%) were identified as
melanoma.
The analysis of images of biopsied lesions using the algorithm trained on published images of
lesions produced AUROCs for each camera as follows: iPhone 6s, 87.9% (82.8%-89.9%); Galaxy S6,
82.3% (76.9%-87.2%); DSLR, 85.0% (77.3%-90.9%).21 Using the training clinical images from this
study, the retrained algorithm produced AUROCs for each camera as follows: iPhone 6s, 90.1% (95%
CI, 86.3%-94.0%); Galaxy S6, 85.8% (95% CI, 81.0%-90.7%); and DSLR, 86.9% (95% CI, 80.8%-
93.0%) (Figure 1). The AUROC for clinician assessment of melanoma likelihood for biopsied lesions
was 77.8% (95% CI, 72.5%-81.9%).
Assuming none of the control lesions were melanoma, all methods show an improvement in
accuracy when assessing all lesions compared with biopsied lesions alone. The AUROC for clinical
assessment was 90.8% (95% CI, 88.0%-93.6%). The AUROC for the algorithmic assessment of
Table 1. Characteristics of 501 Patients
Characteristic No. (%)
Age, mean (SD), y 52.1 (18.6)
Sex
Male 222 (44.3)
Female 279 (55.7)
White race
No 16 (3.20)
Yes 484 (96.8)
Missing 1 (0.1)
No. of nevi
≤10 173 (35.4)
11-50 232 (47.4)
>50 84 (17.2)
Missing 8 (1.6)
Fitzpatrick skin type
Type I, highly sensitive 61 (12.4)
Type II, very sun sensitive 172 (34.9)
Type III, sun-sensitive skin 184 (37.3)
Type IV, minimally sun sensitive 62 (12.6)
Type V, sun-insensitive skin 10 (2.0)
Type VI, sun insensitive, never burns 4 (0.8)
Missing 8 (1.6)
Hair color
Blond 110 (22.8)
Red 39 (8.1)
Brown 298 (61.8)
Black 35 (7.3)
Missing 19 (3.8)
Freckles
No 214 (43.4)
Yes 279 (56.6)
Missing 8 (1.6)
History of skin cancer
No history 352 (71.3)
Family nonmelanoma 30 (6.1)
Family melanoma 38 (7.7)
Patient nonmelanoma 34 (6.9)
Patient melanoma 40 (8.1)
Missing 7 (1.4)
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images taken with the iPhone 6s was 95.8% (95% CI, 94.1%-97.6%), of images taken with the Galaxy
S6, 93.8% (95% CI, 91.4%-96.2%), and of images taken with the DSLR, 91.8% (95% CI,
87.5%-96.1%) (Figure 2). A comparison of the 715 lesions that were assessed by all devices and
clinicians using a χ2 test found a statistically significant difference between the AUROCs (χ2 = 22.6;
P < .001), with the iPhone images beingmost accurate (Figure 1 and Figure 2).
After a third round of training to control for overfitting, the algorithm produced AUROCs for
each camera as follows: iPhone 6s, 94.0% (95% CI, 91.3%-96.7%); Galaxy S6, 92.6% (95% CI,
89.6%-95.5%); and DSLR, 92.2% (95% CI, 88.6%-95.7%). These figures show aminor attenuation
from the trained AUROC, suggesting that overfitting was small (eFigure 2 in the Supplement).
However, the AUROC for all devices showed an improvement of 2%, increasing from 90.1% (95% CI,
85.8%-93.2%) to 92.3% (95% CI, 90.4%-94.1%).
At 100% sensitivity, the algorithm achieved a specificity of 64.8%with iPhone 6s images.When
using a decision-threshold that created a sensitivity of 95%, the specificity of biopsied and all lesions
for each camera were as follows: iPhone 6s, 50.6% and 78.1%, respectively; Galaxy S6, 46.9% and
75.6%, respectively; and DSLR, 27.6% and 45.5%, respectively. These compare with a specificity of
69.9% on all lesions by clinicians. Similarly, the number of biopsies needed to identify 1 case of
melanoma (number needed to biopsy) at a 95% sensitivity was 3.04 for biopsied lesions and 4.00 for
all lesions for images takenwith the iPhone 6s; 3.22 and 4.39, respectively, for images takenwith the
Galaxy S6; and 4.23 and 9.02, respectively, for images taken with the DSLR. This compares with a
number needed to biopsy by clinicians of 4.92. When the negative predictive value was fixed at
100%, the positive predictive value was 20.3% for clinician assessment; 17.9% for images taken with
the iPhone 6s; 13.4% for images takenwith the Galaxy S6; and 9.5% for images takenwith the DSLR
(Table 3).
Age was a significant covariate for all methods, and Fitzpatrick skin type was also significant for
clinicians. Clinical assessment wasmore accurate in younger patients (accuracy increased by 0.73%
Table 2. Assessment by Histopathology
Assessment Method Probability of Melanoma Sensitivity, %/Specificity, %a
No. (%)
Other Lesion Type Dysplasia Melanoma Total
Clinician Unlikely 93/27 80 (64.5) 35 (28.2) 9 (7.3) 124 (100)
Equivocal 68/83 155 (57.6) 82 (30.5) 32 (11.9) 269 (100)
Likely 29/97 35 (32.4) 25 (23.2) 48 (44.4) 108 (100)
Highly likely 0/100 8 (16.0) 6 (12.0) 36 (72.0) 50 (100)
Total NA 278 (50.5) 148 (26.8) 125 (22.7) 551 (100)
Algorithm with
iPhone 6s image
Unlikely 100/0 19 (76.0) 6 (24.0) 0 25 (100)
Equivocal 79/87 157 (60.2) 87 (33.3) 17 (6.5) 261 (100)
Likely 37/98 24 (35.8) 10 (14.9) 33 (49.3) 67 (100)
Highly likely 0/100 5 (13.9) 2 (5.5) 29 (80.6) 36 (100)
Total NA 205 (52.7) 105 (30.0) 79 (20.3) 389 (100)
Algorithm with
Galaxy S6 image
Unlikely 92/50 102 (65.4) 48 (30.8) 6 (3.8) 156 (100)
Equivocal 71/84 72 (60.5) 25 (37.9) 3 (8.6) 202 (100)
Likely 40/98 25 (37.9) 17 (25.7) 24 (36.4) 66 (100)
Highly likely 0/100 3 (8.6) 2 (5.7) 30 (85.7) 35 (100)
Total NA 202 (53.7) 98 (26.1) 76 (20.2) 376 (100)
Algorithm with
DSLR image
Unlikely 86/58 81 (60.5) 46 (34.3) 7 (5.2) 134 (100)
Equivocal 75/89 44 (59.5) 24 (32.4) 6 (8.1) 74 (100)
Likely 41/99 12 (30.8) 10 (25.6) 17 (43.6) 39 (100)
Highly likely 0/100 3 (12.5) 0 21 (87.5) 24 (100)
Total NA 140 (51.7) 80 (29.5) 51 (18.8) 271 (100)
Abbreviations: DSLR, digital single-lens reflex; NA, not applicable.
a Sensitivity/specificity shows the accuracy of the level of likelihood for each threshold
for detecting melanoma.
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for each decreasing year), whereas the algorithm’s assessment was more accurate in older patients
(for each increasing year, iPhone 6s AUROC increased by 0.76%, Galaxy S6 AUROC increased by
1.9%, and DSLR AUROC increased by 4.3%). Because clinician accuracy is also influenced by
Fitzpatrick skin type (ie, AUROC increased by 10% for each level of skin sensitivity above Fitzpatrick
type IV), it is possible that clinicians overweighted these risk factors in their determination of the
likelihood of melanoma.
Missing images were independent of patient-related or lesion-related characteristics (missing
completely at random test results: clinical likelihood: P = .26; n = 1581; iPhone 6s image algorithmic
assessment: P = .56; n = 1110; Galaxy S6 image algorithmic assessment: P = .17; n = 1078; andD5500
image algorithmic assessment: P = .26; n = 809). However, a degree of bias did appear to be
introduced by themissing image–based assessments, as the AUROC based on the Heckman analysis
was generally lower for every method of assessment of all lesions than the empirical AUROC.
Nevertheless, there is very little difference between the empirical and the Heckman AUROC for all
assessment methods.
Figure 1. Receiver Operating Characteristic Curves for Clinical and Trained AlgorithmAssessment of Biopsied Lesions
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Discussion
The results of the study showed that the algorithm and specialists identified melanoma in selected
suspicious pigmented skin lesions at a similar level of accuracy. More than half of the melanoma
diagnoses were either in situ or less than 1 mm deep, indicating that the algorithm could play a role in
detecting thin or early-stage lesions. The inclusion of control (ie, believed to be benign) lesions in the
analysis enabled us to show that the algorithmmaintains a high specificity when control lesions are
assessed.
Primary prevention of melanoma based on so-called sun-safe behaviors has not proved to be
successful,25 and a US government review of secondary prevention concluded that there is
insufficient evidence to recommend skin cancer screening.2While this opinion has been challenged26
and guidance in other countries recommends screening in high-risk populations,27-29 the cost of
screening in populations at lower risk of developingmelanomameans it is not cost-effective to
deploy widespread screening programs.30 To address this issue, Skin Analytics developed an AI
Figure 2. Receiver Operating Characteristic Curves for Clinical and Trained AlgorithmAssessment of All Lesions
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algorithmwith the intention of it being used as a decision support tool throughout the patient
pathway, most notably in the primary care setting.
In terms of reduced numbers of onward referrals and biopsies, the clinical benefit of integrating
the algorithm into the patient pathway was not tested in this study. However, the results indicate
that the algorithm is sufficiently accurate to detect suspicious lesions in a high-risk, referred
population.
Further research to investigate the ability of the algorithm to identity nonmelanoma skin cancer
and benign conditions has started. Assessment of the impact of the algorithm on decision-making in
primary care, quality of life, and health economics is planned.
Limitations
This study has limitations. First, the analysis of the control lesions with no biopsy was subject to
validation bias,22 and we observed the expected improvement in sensitivity and reduction in
specificity (the AUROCwas used as the primary assessment because it is less vulnerable to validation
bias).31 Second, caution is needed in extrapolating these results into other settings in which the
patient population, frequency of different skin lesion types, risk of skin cancer, and the experience of
the physician making the assessment are different. Third, the research was conducted in a
secondary-care setting, where there was a high yield of melanoma. The positive and negative
predicative values will have been influenced andmay not generalize to other clinical settings, such as
primary care or screening.
Fourth, AI systems frequently suffer from overfitting,32 resulting in a lack of generalization. This
algorithmwas developed and trained using historical dermoscopic images of skin lesions, and it is
likely that biases exist in these data sets (eg, patient demographics, melanoma subtypes, or imaging
methods). However, it is very difficult to determine whether such biases exist, driving the need for
clinical validation. The accuracy of the algorithm observed in this study is similar to, or better than,
previously reported accuracy on historical images,21 providing confidence that it minimizes
overfitting and generalizes to out-of-distribution data sets. The accuracy of the algorithmwas initially
highest for images takenwith the iPhone 6s and lowest for images takenwith the DSLR, which could
reflect poor generalization across different cameras. However, the retraining of the algorithm using
images from the Galaxy S6 and DSLR reduced this and demonstrated that overfitting was minimal.
Table 3. Comparison of AlgorithmWith Clinicians
Method No. of Images
%
NNBSensitivity Specificity FPR FNR PPV NPV
All Lesions
Clinician 1582 100 69.90 30.13 0.00 20.30 100.00 4.92
Algorithm with iPhone 6s image 1110 100 64.80 35.18 0.00 17.90 100.00 5.58
94.90 78.10 21.87 5.06 25.00 99.50 4.00
Algorithm with Galaxy S6 image 1078 100 51.20 48.83 0.00 13.40 100.00 7.44
94.90 75.60 24.42 5.13 22.80 99.50 4.39
Algorithm with DSLR image 809 100 30.00 70.03 0.00 9.48 100.00 10.55
92.80 45.50 54.52 7.25 11.10 98.80 9.02
Biopsied Lesions
Clinician 553 100 NA NA NA NA NA NA
Algorithm with iPhone 6s image 388 100 31.30 68.71 0.00 27.10 100 NA
95.00 50.60 49.35 5.06 32.90 98.00 NA
Algorithm with Galaxy S6 image 376 100 18.40 81.55 0.00 23.60 100 NA
95.00 46.90 53.07 5.13 31.10 97.00 NA
Algorithm with DSLR image 271 100 3.15 96.85 0.00 19.90 100 NA
93.00 27.60 72.38 7.25 23.60 94.00 NA
Abbreviations: DSLR, digital single-lens reflex; FNR, false-negative rate; FPR, false-positive rate; NA, not applicable; NNB, number needed to biopsy (to identify 1 case of melanoma);
NPV, negative predictive value; PPV, positive predictive value.
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Fifth, there were technical issues with the equipment used for the study, leading to a high
proportion of lesions that could not be photographed by at least 1 of the 3 cameras or images that
could not be analyzed by the algorithm. These issues show the influence that the usability of
equipment can have on the effectiveness of a technology, which needs to be reliable for health care
professionals to use it and have confidence in it. Reasons for themissing images included technology
failures, such as camera malfunction, and poor optimization of the equipment for use in a clinical
setting (particularly the DSLR, which was awkward for the study staff to use). Despite this, statistical
analysis of the influence of missing data suggests that there was little selection bias generated by
themissing data. This provides evidence for the robustness of the algorithm in accurately detecting
melanoma.
Sixth, there were only 3 types of cameras used in this trial. It remains to be tested whether the
results apply to other smartphones or other cameras.
Conclusions
The findings of this diagnostic trial demonstrated that an AI algorithm, using different camera types,
can detect melanoma with a similar level of accuracy as specialists. The development of low-cost
screeningmethods, such as AI-based services, could transform patient diagnosis pathways, enabling
greater efficiencies throughout the health care service.
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